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1. Introduction 
Glass fiber-reinforced polymer (GFRP) composites are commonly used in industrial sectors, such as aerospace, 
marine, aviation, automotive, electronics, and many others. They have extraordinary material properties on the specific 
stiffness, fracture toughness, strength to weight ratio, impact resistance, and lightweight. Furthermore, most GFRP-
composite-based products are shaped during the cycle of the curing process. This later requires accuracy of the dimension 
during the assembly of the final product during the machining processes [1]. With regards to that, a composite material 
removal operation process called end milling is suggested to be utilized. The process is considerably applicable in various 
manufacturing industries, such as automotive and aerospace, for removing excess materials and producing high-quality 
surfaces used to join the composite materials. GFRP composites consist of glass as the filler and polymer as the matrix. 
This particular type of composites is usually inhomogeneous as well as having anisotropic properties and abrasive 
behavior. For this reason, the end milling process would substantially be affected by the catastrophic nature of the 
composite characteristics [2, 3]. Next, during the end milling process, there is still a possibility that processing the GFRP 
composites to fail due to the emergence of unoptimized machining forces that would potentially increase the surface 
roughness level. To prevent this to occur, it is necessary to specify the correct levels of end milling variables in order to 
minimize the CF and SR through performing necessary optimizations [4].  
Abstract: The excessive cutting force that is generated in the end milling process of glass fiber-reinforced polymer 
(GFRP) composites can lower the surface quality. Hence, it is necessary to select the correct levels of end milling 
parameters to minimize the cutting force (CF) and surface roughness (SR). The parameters of the end milling process 
comprised the depth of cut (doc), spindle speed (n), and feeding speed (Vf). This study emphasized on the modeling 
and minimization of both CF and SR in the end milling of GFRP combo fabric by combining backpropagation neural 
network (BPNN) method and firefly algorithm (FA). The FA based BPNN was first performed to model the end-
milling process and predict CF and SR. It was later also executed to obtain the best combination of end-milling 
parameter levels that would provide minimum CF and SR. The outcome of the confirmation experiments disclosed 
that the integration of BPNN and FA managed to accurately predict and substantially enhance the multi-objective 
characteristics. 
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Machining force and surface roughness are quality attributes which are considered to be directly contributing to the 
end milling processing of GFRP composites [5-8]. Also, spindle speed, feeding speed, and depth of cut are the three 
parameters involved in the process.  In this case, they are influential in determining the machining force and surface 
roughness; this is supported by the four previously mentioned references.  
Selecting the right combination of parameters with simultaneously multiple specifications through experimentations 
is considered costly, time-consuming, and tedious. Therefore, researchers have applied soft computing techniques to 
conduct process parameter optimizations of machining. Soft computing techniques have gained popularity among 
researchers since they are able to help solve highly complicated problems such as nonlinear, multidimensional, and 
challenging engineering problems [9]. These techniques consist of algorithms and techniques to find possible solutions 
for specific or complex problems and propose the best solution.  Moreover, soft computing techniques also acknowledge 
the uncertainty and imprecision variable in completing the processes. 
In particular, a swarm intelligence algorithm called firefly has been used to optimize machining areas and solve 
continuous and discrete problems in machining processes. A number of articles have reported the success of single and 
multi-objective optimizations using two responses using the firefly algorithm (henceforth FA) in the turning process [10], 
[11], [12], [13], and laser cutting [14]. Nevertheless, the literature survey reveals that there were not any publications on 
the multi-objective simultaneous optimization of cutting force and surface roughness using the FA in the end milling 
process of GFRP. In this study, a backpropagation neural network (henceforth BPNN) model was established to predict 
the effect of the end milling process parameters on cutting force and surface roughness. Then, an optimal number of 
hidden nodes applied in this model was identified by incorporating the FA with the BPNN. The FA was then embedded 
into the neural network model to obtain optimum operating parameters for the end-milling of GFRP composites. 
 
2. Research Methodology 
2.1 Backpropagation Neural Network 
BPNN is an artificial neural network (ANN) technique proposed by Rumelhart et al. [15] that offers a supervised 
learning procedure to model complicated linear and nonlinear systems by matching the output (response data) and input 
(process parameter data). The basic model of BPNN comprises one input layer, hidden layer, and output layer, with every 
layer having several connected neurons between the layers. Every neuron in each layer has weight and bias that represent 
the relationship between the input and output layer. The bias and weight adjustments for each neuron were completed 
using the error function to reduce the BPNN model training sample error.  
The steps of conducting model developments using BPNN are as follows [15, 16]: 
Step 1: Normalizing the input and output data from the experimental results within the range of 0 to 2 
Step 2: Developing the BPNN architecture, which involves determining the number of hidden layers, number of neurons 
in the input, hidden, and output layers, initial weight and bias for each neuron, as well as set of training, testing, and data 
validation, and learning rate 
Step 3: Conducting BPNN training 
Step 4: Saving the mean of square error (MSE) and checking the stopping criteria 
Step 5: Identifying and saving the BPNN architecture with the smallest MSE 
Step 6: Saving the BPNN model and objective function 
 
2.2 Firefly Algorithm 
FA is a metaheuristic method which was initially established by Yang [17]. This method is commonly used for 
solving mathematical optimization where the objective function of optimization problem is produced by BPNN topology. 
The advantages of using FA include the suitability for a non-liner case, fast convergence rate, omission of requirement 
for a good initial value to start the operation, and ability to detect some local optimum numbers within a single process. 
In principle, this method adopts flashing patterns and characteristics of fireflies that live in tropical regions. Fireflies are 
insects of which body produces flickering light through chemical reactions. This light is used to attract other fireflies for 




    1) Objective function: 𝑓(𝑥) 
    2) Generate an initial population of fireflies 𝑥𝑖 
    3) Formulate light intensity I  
    While (t < maximum epoch) 
        for i = 1: n (all n fireflies) 
            for j = 1: i (n fireflies) 
                if (𝐼𝑗 > 𝐼𝑖), 
  Updating distance, light intensity and evaluate new solution 
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                end if  
            end for j 
        end for i 
        Rank fireflies and find the current best of optimization 
    end while 
Display best optimization result 
End 
 
The attractiveness level of fireflies is contingent upon the brightness level, and distance between two fireflies. In 
general, fireflies with a dimmer light will move towards fireflies that have a brighter light. If the brightness level is equal, 
then a firefly will move arbitrarily. In relation to the optimization process, the brightness level of fireflies is manipulated 
by the objective function of an optimization case. The movement of a firefly (𝑥𝑖) is influenced by the brightness level of 


















Where rij is the Cartesian distance between firefly i and j, 𝛽0 is the firefly’s attractiveness when distance the (r) = 0, 
𝛼 is the random parameter, 𝜖𝑖
𝑡 is the random value derived from the Gaussian distribution at time t, 𝛾 is the media light 
absorption coefficient.  
Figure 1 shows the procedure for predicting the minimum margin of cutting force (CF) and surface roughness (SR) 
for GFRP materials during the end milling process under the BPNN method. First, the experimental data were divided 
into three different groups for training, testing and validation. A normalization process was later used to convert the 
original value to a specific range for distribution of weights of responses. The BPNN model was then generated to get 
the smallest MSE value by changing the number of hidden layers, node, and activation function. The FA then employed 
this model to predict the best value. Finally, denormalization was used to convert the optimization result to its original 
value.  
START
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3. Experiments and Results 
3.1 Experimental Setup and Materials 
This study used a GFRP material which was produced using the hand lay-up technique and the type of glass fiber 
was a combo fiber with epoxy as the applied resin. The specimen dimensions were 60 mm (length), 30 mm (width), and 
3.7 mm (thickness). Table 1 below summarizes the levels of the variables used in the end milling process. The design for 
the experiments was a completely randomized factorial design 3 × 3 × 3, with two replications. 
Table 1 - End milling process variables 




1 2 3 
Depth of cut (doc) mm 1 1.5 2 
Feeding speed (Vf) mm/min 500 750 1000 
Spindle speed (n) rpm 3000 4000 5000 
 
The kind of solid carbide tool used in this study for the end milling was YG type K-2 EMC 54060 with 6 mm. 
Hartford S-Plus 10 vertical milling was used to perform the slotting milling process without any coolant. The number of 
flutes used was as many as 4. The symbols Fx, Fy, and Fz represented the feed, cutting, and thrust forces, respectively. 
Next, they were measured using Kistler dynamometer 9272. Figure 2 illustrates this process. Additionally, this particular 
type of dynamometer was previously used in previous research studies [19, 20, and 21] to measure the value of cutting 
forces during the face milling process. The resultant cutting force (CF) was calculated using the following formula [4, 












Fig. 2 - The forces measurements in end-milling of GFRP using Kistler 9272 dynamometer 
 
3.2 Experimental Results 
Figure 3 and 4 display the measured CF and SR as the combination of doc, n, and Vf. The figures show that the CF 
and SR value trace a steady path in a wide range of cutting conditions. Also, the depth of cut, spindle speed, and feeding 
speed were shown to influence both the CF and SR. 
 
4.1 Modeling and Multi-Objective Optimization 
4.2 BPNN Model Development 
In this study, the process variables involved in the end milling were feeding speed, n, and doc, while the parameter 
output to be optimized was CF. The variations in the number of hidden layers were between one and five, while the 
variations in the number of neurons at each layer were between one and ten. The maximum number of epochs was then 
set as 1000 epochs. Furthermore, the total data (81) was categorized into three groups, where 70%, 15%, and 15% were 
applied for training, testing, and validation, respectively. Next, satlin, logsig, and tansig activation functions were selected 
and used in determining the best BPNN topology. The minimum value of MSE was applied to determine the best BPNN 
topology for two objective functions, namely CF and SR. The optimum BPNN topology was later achieved using a 
specific number of hidden layers, neurons in each hidden layer, and type of activation-function as presented in Table 2. 
Figure 5 illustrates the correlation coefficient graphs of CF and SR which were produced by BPNN for training, testing, 
validation, and all.  Since all the correlation coefficient value was close to one, the BPNN output or predicted results 
were in full correspondence with those from the experimental data. Later, Figure 6 and 7 show the graphical data 
comparison between the experimental and predicted data responses using BPNN for CF and SR and the average error 
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margins were 2.77 percent and 4.37 percent. This shows that the prediction result of the end-milling process response is 











Fig. 4 - Measured SR as the results of the combination of doc, n and Vf 
Table 2 - Summary of the activation function, MSE values, and optimum BPNN topology of CF and SR 
Parameters BPNN of cutting force BPNN of surface roughness 
Activation function logsig satlin 
Mean Squared Error (MSE) 0.0030283 0.041197 
Number of hidden layers 4 1 
Number of neurons each hidden layer 8 8 
 




(a)                                                                                             (b) 
 
Fig. 5 - Correlation coefficient graphs of BPNN for training, testing, validation, and all for (a) CF and (b) 
SR 
Average error = 2.77%
 
Fig. 6 - The CF value comparison between the experiment and prediction using BPNN 
 
Average error = 4.37%
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4.2 Multi-objective Optimization Using FA 
For the purpose of coding, the parameter 𝛽0 = 1, 𝛼 = 0.2, 𝛾 = 1, 𝜖𝑖
𝑡= 0.97, and maximum number of iterations = 50.  
The fitness function was later obtained from two objective-functions (CF and SR), as shown in the following equation 
[17, 18]: 
 




𝑂𝑏𝑗1 = objective function of CF obtained using BPNN topology 
𝑤1 = weight of 𝑂𝑏𝑗1 where it is assumed to be 0.5 
𝑂𝑏𝑗2 = objective function of SR obtained by BPNN topology 
𝑤2 = weight of 𝑂𝑏𝑗1 where it is assumed to be 0.5 
 
Figure 8 shows the result of FA algorithm in determining the minimum CF value within 50 iterations, where the 
optimum fitness value is 0.1248. As the value of CF and SR was 0.5 × the optimum fitness value, the value of CF and 
SR before denormalization was 0.0624. The levels of the end milling process variables, CF, and SR obtained using FA 
before and after denormalization can be seen in Table 3. The confirmation experiment using the optimum end-milling 
parameter setting is then replicated five times. It is later shown that the error value between the BPNN prediction results 
and confirmation experiment is below 5% for all the responses. This verifies that the value obtained from the prediction 
of the end-milling process response has an insignificant difference with that from the experimental data. 
 
 
Fig. 8 - Fitness values vs. iterations in determining minimum CF and SR using FA method 
Table 3 - The optimum result obtained from the FA method. 
End milling process 
variables 
Units Before denormalization After denormalization 
Depth of cut (doc) mm 0.0482 1 
Spindle speed (n)  rpm 1.4912 4491.2 
Feeding speed (Vf)  mm/min 0.4737 618.4 
End milling responses Units Before denormalization After denormalization 
Cutting force (CF)  N 0.0624 12.4 
Surface Roughness (SR)   𝜇𝑚 0.0624 1.4 
 
5. Results and Discussions 
5.1 Confirmation Experiments 
Through the completion of the multi-response optimization using the BPNN-FA method, the optimum value of CF 
and SR was obtained by setting the spindle speed, feeding speed, and depth of cut at 4491.2 rpm, 618.4 mm/min, and 1 
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responses through BPNN. The results of comparison between the CF and SR factor and confirmation experiments are 
presented in the Table 4 below. 
 
Table 4 - Comparison between BPNN-FA prediction and confirmation experiment 
End milling Parameters Cutting Force (N) Surface Roughness (µm) 












1 4491 618 12.4/12.90 3.87 1.4/1.47 4.76 
 
5.2 Effects of the End Milling Variables on Cutting Force and Surface Roughness      
Figure 9 displays the influence of process parameters on the value of CF. It shows that the CF increases as the depth 
of cut increases, and the feeding speed decreases as the spindle speed increases. Various research results have shown that 
feeding speed is the parameter that most significantly influences the CF response [23, 24, 25, 26]. This can be due to the 
increase in the feeding speed, which in turn increases the undeformed chip cross-sectional area before the cutting process 
[4]. Next, the influence of the depth of cut on the CF is shown to be dominant. Increasing the depth of cut will also 
increase the cross-sectional area and the number of fibers to be cut, which causes the cutting force to increase as well. 
On the other hand, increasing the spindle speed will decrease the CF response. This happens because the increase in 
spindle speed will also increase the friction force on the cutting surface. Thus, the temperature on the cutting surface 
increases. In light of the fact that glass fiber and epoxy resin have low thermal conductivity, the heat on the cutting surface 
is not well dissipated. As a result, the heat concentrated in the cutting area will cause the matrix around the area to become 
softer, then the cutting force will decrease. Figure 10 shows the influence of process parameters on SR. It clearly shows 
that increasing the feeding speed will increase the SR. This may occur due to the increased value of feeding speed which 
will later increase the strain rate. Later, it causes severe cracks in the glass fiber and epoxy material [4]. The increase in 
surface roughness is driven by the increased feeding speed, following the theoretical equation for SR; where Ra = f2/18 
(3R)0.5 [27]. Figure 10 also depicts the phenomenon of the increased rate of the spindle speed that results in the decreased 
value of the SR. The reason to this to occur is that the increasing value of spindle speed reduces the deformation of tool-
chip interface such that the surface becomes smoother. However, it is not suggested that the operator set the spindle speed 
level to be overly high since the abrasive nature of the GFRP material can result in the premature wear of the tool. 
Similarly, the results of research studies reported in [4, 23, 24, 25] show the same phenomena, that increasing the spindle 
speed will decrease the surface roughness. Increasing the depth of cut is said to increase the surface roughness, although 
the effect is not very significant. The research conducted by [25] and [28] also identified the same results. 
 
   
Fig. 9 - The influence of process parameters on CF 
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6. Conclusions 
In this study, the combination of firefly algorithm (FA) and back propagation neural network (BPNN) has shown to 
be able to minimize the cutting force (CF) and surface roughness (SR) in the end milling process of GFRP composite. 
The following points are the conclusions drawn from this study: 
• The optimum BPNN topology of CF can be achieved using four hidden-layers, eight neurons in each hidden layer, 
logsig activation-function.  
• The optimum BPNN topology of SR can be achieved using one hidden-layer, eight neurons in each hidden layer, 
as well as satlin activation-function.  
• The BPNN has successfully predicted the minimum CF and SR after proper training is administered for the 
obtained average error value is less than 5%.  
• The minimum value of CF and SR obtained through a combination of BPNN-FA for the input parameters have 
also been identified. The CF and SR responses can simultaneously be minimized by setting the depth of cut to be 
1 mm, the spindle speed to be 4972 rpm, and the feeding speed to be 0.6475 mm/min.  
• FA optimization method that is integrated with BPNN produces compelling results since all of the error value 
between the prediction and confirmation experiments is shown to be lower than 5%. 
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